) and have been used to identify that, in addition to the nucleus, subnetworks of toxic-"toxicity-modulating" proteins, which may include proity-modulating proteins were overrepresented in the teins that prevent or repair cellular damage and proteins vacuolar membrane, endosome, endoplasmic reticuthat generally affect growth advantage under stressful lum, and mitochondrion. In addition, we show that environmental conditions. Further, we have developed many proteins associated with RNA polymerase II, data-mapping techniques to globally integrate phenomacromolecular trafficking, and vacuole function can typic information and develop a picture of the cell after now be counted among the many proteins that moducarcinogen exposure. The systems toxicology method late carcinogen-induced toxicity.
in S. cerevisiae. It should be noted, though, that genomic phenotyping with single gene deletions could fail to identify a toxicity-modulating protein whose activity can be replaced by that of another protein (i.e., proteins with redundant function).
A total of 3,420 agar plates were spotted with ‫69ف‬ different strains, and the strains were exposed to increasing concentrations of damaging agent. Every plate was spotted with three wild-type replicates and three known sensitive strains (mag1⌬, rad14⌬, and erg6⌬) in addition to the ‫09ف‬ gene deletion strains to be tested; plates were imaged after 60 hr at 30ЊC ( Figure 1A ). The pixel intensity for each strain was quantified, and a simple metric identified strains that were more damage sensitive than wild-type on the same plate (Begley et al., 2002). The computed phenotypic classifications for each gene deletion strain were verified by visual inspection of the imaged plates. To facilitate visual analysis, plate images were cut into 96 pieces in silico and recompiled into virtual killing curves (as in Figure 1B ) on 4,733 strain-specific web pages at genomicphenotyping. mit.edu/newpages/complete.html.
Analysis of our results indicates that 2,042 gene deletion strains recovered less well than wild-type following exposure to at least 1 of the 4 damaging agents used (Figure 2 ). Based on the number of sensitive strains, it is clear that MMS recovery was affected by the largest number of proteins (1,441), followed by 4NQO (819), t-BuOOH (447), and UV (288). Many strains are sensitive to more that one agent, but, interestingly, relatively few (27) are sensitive to all 4 agents; the overlap in agent sensitivity among the strains is shown in Figure 2A , and the identity of the genes is shown in Supplemental Table S1 (see the Supplemental Data). Remarkably, there are no DNA repair proteins among the 27 proteins that protect against all 4 agents; there are only 2 cell cycle checkpoint proteins, and the remaining proteins play roles in unknown pathways or in pathways not traditionally considered to be involved in the response of cells to DNA-damaging agents. Many of these pathways will be discussed below.
Note that by using a range of exposure doses in our genomic phenotyping screen, we identified strains with high, medium, and low sensitivity ( Figures 1B and 2A) . ‫%58ف‬ of the ones they did find were represented in our screen.
We have used data-mapping techniques coupled with over a wide range of doses and with multiple biological statistical analysis to build a cell-based model detailing replicates (Figure 1) . We thus set out to identify any and toxicity-modulating mechanisms after exposure to carcinogenic DNA-damaging agents. For this, we used inall proteins that modulate carcinogen-induced toxicity In addition, the number of gene deletion strains falling into high, medium, and low categories of sensitivity is shown. On the website, each number is linked to the relevant strain list, ordered from the strongest to the weakest phenotype, and each strain on the list links to the webpage displaying its triplicate screening results.
formation from a study that assigned subcellular locallected sets of proteins approximated a normal distribution (Supplemental Figure S1 ; see the Supplemental Data). izations to about 70% of the yeast proteome (Huh et al., 2003) . This global localization study used GFP-tagged
The determination of whether the observed number of toxicity-modulating proteins in each subcellular localproteins and colocalization methods to assign 1 or more of 22 possible subcellular localizations to each of 4,156 ization was significantly higher than the mean number of such proteins found by random sampling was based proteins. It should be noted that both essential and nonessential proteins are among this group of 4,156, on the Z-score and a one-tailed hypothesis test to specify a p-value. Toxicity-modulating proteins that were sigwhile our phenotypic data only apply to the nonessential proteins. We integrated the phenotypic data with subnificantly overrepresented (p Յ 0.05) in a subcellular localization were then mapped en mass, generating cellcellular localization information to determine the distribution of toxicity-modulating proteins among the 22 lobased images for hot spots of activity after toxicant exposure (Figure 3 ). For mapping, we set the p-value calizations and identify overpopulated areas. Since the overall fraction of toxicity-modulating proteins is quite cutoff at 0.05, but it should be noted that only one overpopulated localization (nuclear periphery, 4NQO) was at high, it was important to determine whether an overpopulation of such proteins to a subcellular localization was the cutoff, and the rest were between 6.9E-14 and 0.045. works. An example of localization mapping followed by proreside in at least 20 of the 22 subcellular localizations and that hot spots simply highlight localizations that tein subnetwork analysis for the nucleus is shown in Figure 4A (Supplemental Figures S2-S5) . The nucleus have a higher density of essential proteins than would be expected by chance. The same is true for the hot was identified as a hot spot based on localization mapping. The 1,454 nuclear proteins were assembled into spots for toxicity-modulating proteins described below.
Localization mapping of the toxicity-modulating proa network of 1,248 proteins connected by 2,918 proteinprotein interactions and 1,079 protein-DNA interactions. teins identified by genomic phenotyping was used to help build an image of the important cellular responses Next, all essential and no-phenotype proteins were removed from the subnetworks found in the nucleus, via that alleviate toxicity induced by carcinogenic DNAdamaging agents; such mapping identified expected a filtering step, and we derived a large, connected subnetwork of 252 proteins, all of which confer resistance and unexpected hot spots for toxicity modulation, and it is immediately obvious that the hot spot locations to MMS-induced toxicity. While this was the largest subnetwork to be identified, similar subnetworks were vary according to the type of damaging agent analyzed ( Figures 3C-3F Toxicity-modulating hot spots were also identified in it was surprising to find roughly the same number of proteins involved in transcription embedded in these other localizations. Microtubule-associated proteins were overpopulated with MMS, 4NQO, and UV toxicitysubnetworks; 27 were found for MMS, 26 were found for 4NQO, and 9 were found for UV. None of these tranmodulating proteins, presumably because of their role in mitosis (Dolinski et al., 2004) . The nucleolus and nuclear scription proteins are known to participate in transcription-coupled DNA repair; i.e., they are not part of the periphery were overpopulated by 4NQO and UV toxicitymodulating proteins, suggesting that nucleocytoplas-TFIIH RNA Polymerase II initiation complex (Friedberg et al., 1995). Instead, these toxicity-modulating proteins mic transport of RNA and proteins, plus the biogenesis of new ribosomes, is relatively important for toxicity comprise components of the RNA polymerase II mediator complex and the Swi/Snf global transcription activamodulation. Finally, localization mapping analysis of toxicity-modulating proteins also classified the vacuolar tor complex; plus, several others are also associated with RNA polymerase II-associated proteins. It should membrane (for MMS and t-BuOOH), the endosome (MMS and t-BuOOH), actin (t-BuOOH), the ER (t-BuOOH), and be noted that many of the strains missing RNA polymerase II-associated proteins had high sensitivity to specific mitochondria (UV) as being hot spots (Figures 3C-3F) .
To better understand what happens at hot spots for agents (see Figure 1B) , and some were sensitive to all four DNA-damaging agents (Snf6 and Rpb4). We have toxicity modulation, we performed another layer of data integration to identify interacting proteins involved in thus uncovered hitherto unknown transcription-related pathways that play an enormous role in helping cells preventing cell death after treatment with a carcinogen. Such interacting proteins were assembled from publicly recover from the damage inflicted by a variety of carcinogenic agents. available molecular interaction data (Lee et al., 2002; Figure S5A ), where the cell cycletreatment with carcinogens, and we propose that the specific Swi6 transcription factor interacts with the DNA vacuole is more important in the response of cells to damage-inducible Dun1 kinase, which in turn interacts carcinogenic agents than previously realized. with DNA repair and cell cycle checkpoint proteins
We have used genomic phenotyping in combination (Rad9, Rad24, and Rad1). Thus, DNA repair pathways with mapping techniques to identify localization hot are linked to the signal transduction apparatus, sugspots and protein subnetworks that modulate agent toxgesting that integrated response modules allow the proicity. We have, for the most part, interpreted these recessing of DNA damage to signal to the rest of the cell sults to suggest that cellular responses represented in via kinase cascades and altered transcription. Indeed, hot spots and subnetworks play an important role in proteins involved in remodeling chromatin structure are either preventing or repairing cellular damage induced abundant among the nuclear toxicity-modulating subby the applied agents. Another plausible interpretation networks, with 16 such proteins for MMS, 10 for 4NQO, is that some of the identified proteins are playing a more and 3 for UV ( Figures 4A-4C damaged cellular constituents decreased viability after 0.2 g/ml 4NQO, 0.3 g/ml 4NQO, 04 g/ml 4NQO, 0.5 g/ml 4NQO, was determined to be significant and was used, as opposed to a hypergeometric distribution, due to sample size. 40 J/m 2 UV, 80 J/m 2 UV, 100 J/m 2 UV, and 125 J/m 2 UV. The maximum dose of each agent was selected to induce 10% killing to the wildProtein-protein and protein-DNA interactions were integrated and visualized with our genomic phenotyping data and subcellular localtype strain. Strains were grown for 60 hr at 30ЊC and then imaged with a Gel Doc 1000 from BioRad running Quantity One software. ization data by using filtering methods found in the visualization program Cytoscape (found at www.cytoscape.org). First, the localImages were analyzed with ScanAlyze software to quantitate the pixel intensity of each spotted colony. All screens were performed ization-specific molecular interaction information was merged with phenotypic data generating phenotypically annotated localizationin triplicate with fresh liquid cultures. The genomic phenotyping database (genomicphenotyping.mit.edu) was constructed as despecific protein networks. For visualization purposes, large networks found in the nucleus, and shown in Figure 4 , were filtered to scribed (Begley et al., 2002) . Representative sensitivity values were generated by using a scoring scheme that allocated values of 4, 3, remove all essential and no-phenotype proteins. The significance for toxicity modulation of a localization-specific protein subnetwork 2, or 1 depending on the concentration of agent when strain sensitivity was identified; 4 is allocated to the lowest, and 1 is allocated to containing N nonessential proteins was determined based on a random sampling of N proteins (from the total sample space of 3185 the highest concentration of damaging agents. These values were allowed to accumulate in each replicate, and then they were proteins) to determine the number of randomly selected toxicitymodulating proteins. This was performed 2000 times to generate summed across all replicates. For example, in replicate 1, strains sensitive to all concentrations of agents received a score of 10 (4 ϩ average (AT N ) and standard deviation (SD N-T ) values. The number of toxicity-modulating (T N ) proteins found in a localization-specific 3 ϩ 2 ϩ1), and this was summed over all 3 replicates for a final score of 30 (10 ϩ 10 ϩ 10). Damage-sensitive strains had scores protein subnetwork was then compared to the average (ADR N ) for a sample of the same size, and a Z-score and p-value were deterthat ranged from 30 (most sensitive) to 2 (least sensitive).
We have also analyzed our data in the context of a partial data mined as described above. set performed previously in our lab containing 1615 overlapping strains, covering 4 identical damaging agents, and containing a total 
